Introduction
Wastewater treatment plants (WWTPs) can emit greenhouse gases (GHGs) (such as carbon dioxide, CO 2 , nitrous oxide, N 2 O and methane, CH 4 ). Among the potential GHGs produced from a WWTPs, N 2 O is the most environmentally hazardous due to its strong global warming potential (GWP) (298 higher that CO 2 ) and its capacity to deplete the stratospheric ozone layer (IPCC, 2013 ). An accurate quantification and mitigation of GHG emissions from WWTP is imperative for improved environmental protection. With this respect, mathematical models can be useful and powerful tools.
In the past, several efforts have been performed for establishing the best tool to predict/quantify GHG Mannina et al., 2016a Mannina et al., , 2016b Hiatt and Grady, 2008; Ni et al., 2013; Peng et al., 2015; Spérandio et al., 2016; Pocquet et al., 2016) . These efforts are based on the modifications of the Activated Sludge http://dx.doi.org/10.1016/j.biortech.2017.05.018 0960-8524/Ó 2017 Elsevier Ltd. All rights reserved. Models (ASMs) (Henze et al., 2000) to include GHG formation/ emission processes Mannina et al., 2016a Mannina et al., , 2016b .
Corominas and co-workers demonstrated that mechanistic process-based dynamic models represent the best way to predict GHG emissions (Corominas et al., 2012) . Ni et al. (2013) compared four mathematical models describing the N 2 O production by means of ammonia oxidising bacteria (AOB) as the final product of nitrifier denitrification or as a product of incomplete oxidation of hydroxylamine (NH 2 OH). They found that none of the tested models was able to fully simulate the measured data. Very recently, Spérandio et al. (2016) compared the results of five ASM family-like models describing N 2 O production by AOB. Similarly to previous studies (i.e., Ni et al., 2013) , Spérandio et al. (2016) found that, despite at least one of the investigated models being able to reproduce the measured data, none of the tested models were able to simulate measured data using the same parameter data set.
A new model which combines two N 2 O emission pathways due to AOB was recently proposed and calibrated . This model showed good correlation between measured and modelled data in long-term simulation periods.
The aforementioned studies mainly refer to conventional activated systems with solid-liquid separation with secondary settling tanks (CASs). However, there is limited research on modelling GHG emissions from advanced wastewater treatment systems such as membrane bioreactors (MBR). MBRs have some specific peculiarities (i.e., membrane fouling, biomass selection; intensive aeration for membrane fouling mitigation), which can influence GHG emissions and hamper a straightforward transferability of CAS models to MBR systems. For example, the Soluble Microbial Product (SMP) formation/degradation processes and the role played by membrane aeration on GHG stripping are generally not considered in CAS models but can be of paramount importance for MBR system modelling.
A first attempt to GHG modelling from MBRs was recently presented . In particular, Mannina and Cosenza (2015) developed a model able to estimate CO 2 and N 2 O emissions from an MBR system with University Cape Town (UCT) -MBR scheme. An extensive sensitivity analysis was presented aimed at identifying the key influencing factors. Despite the promising performance of the model, it was not calibrated using real MBR system data.
Recent studies on the estimation of the uncertainty in GHG modelling confirmed the relevant role played by such an analysis (Sweetapple et al., 2013) . Indeed, the assessment of the uncertainty may improve the calibration process. Sensitivity and uncertainty analyses help the modeller identify the key constants affecting model outputs (Sweetapple et al., 2013) . However, despite the usefulness of uncertainty analysis, only few such studies have been performed Sweetapple et al., 2013) . Sensitivity and uncertainty analysis may have a relevant role in MBR modelling, because, as recently demonstrated by Mannina and Cosenza (2015) , model constants related to the physical processes of the membrane solid-liquid separation can also affect GHG production.
In this paper a new mathematical model for GHG emission evaluation from MBRs is presented. The model takes into account the main physical and biological processes: solid/liquid separation, membrane fouling and SMP formation/degradation. The mathematical model has been adopted to predict the key biological processes of a sequential batch (SB) MBR pilot plant fed with real saline wastewater. A long-term data base (for dissolved and gaseous N 2 O), acquired during an extensive measurement campaign, was adopted for the model calibration. Model uncertainty was quantified to better assess model features.
Material and methods

The mathematical model
The mathematical model proposed in this work couples the ASM1 model (Henze et al., 2000) and the N 2 O modelling approach of Hiatt and Grady (2008) . The mathematical model consists of two sub-models ( Fig. 1) : a biological sub-model and a physical submodel. All biological model (stoichiometric, kinetic and fractionation) and physical model factors are reported in Table A.1. The biological sub-model couples the ASM1, the SMP formation/degradation processes, the N 2 O formation during the denitrification and the CO 2 production during the biological metabolism (Fig. 1) . The biological sub-model involves: 16 biological processes (aerobic and anoxic); 19 state variables, which include dissolved N 2 O and CO 2 (S N2O and S CO2 , respectively) and 63 model factors. In Tables A.2 and A.3 of the Appendix the Gujer Matrix and the process rate equations of the biological model are reported, respectively.
In order to consider the SMP formation/degradation processes two new state variables have been included: (i) soluble utilization-associated products (S UAP ) and (ii) soluble biomassassociated products (S BAP ). Furthermore, the aerobic and anoxic hydrolysis processes of S UAP and S BAP have been added in the ASM1 (see processes 1-4 of Table A. 3). Thus, four new model parameters have been introduced in the model according to Jiang et al. (2008) : the hydrolysis rate coefficient for S BAP and S UAP (k h, BAP and k h,UAP , respectively) in the kinetics rate expressions (Table A. 3) and the production of S UAP and S BAP in the biomass growth and endogenous decay process stoichiometry via the (f BAP and f UAP ) coefficients. The S BAP and S UAP reduction follows a first order kinetics. For example, the rate of the anoxic hydrolysis of S BAP is shown in Eq. (1).
Moreover, the aerobic and anoxic kinetic hydrolysis processes of X s have been modified in the model (see processes 5-6 of Table A. 3) to include the production of unbiodegradable soluble organics (S I ). The model has been expanded to describe the nitrification and denitrification processes according in two step (see processes 13-14 of Table A. 3) and four step (see processes 8-11 of Table A. 3) processes respectively as described by Hiatt and Grady (2008) . So the autotrophic biomass is modelled with an ammonia-oxidising biomass (X AOB ) and a nitrite oxidising biomass (X NOB ). The denitrification is modelled with a single ordinary heterotrophic organism (OHO) biomass (X OHO ) utilizing soluble biodegradable organics (S S ) in four sequential steps of electron transfer in the electron acceptor from nitrate to nitrite, to nitric oxide (NO) to nitrous oxide (N 2 O) to nitrogen gas (N 2 ). Specifically, each step has its own g specific growth rate reduction factor for anoxic denitrification relative to the aerobic OHO maximum specific growth rate (l OHO or l H ). Specifically, S NO3 to S NO2 (g g2 ), S NO2 to S NO (g g3 ), S NO to S N2O (g g4 ) and S N2O to S N2 (g g5 ) have been introduced. This is equivalent to giving the OHO a different and independent maximum specific growth rate for each of the four steps in the denitrification from nitrate to N 2 all utilizing soluble biodegradable organics (S S ) as electron donor. For example, the kinetic rate related to the anoxic growth of heterotrophic biomass on soluble biodegradable organics (S S ) reducing S NO to S N2O (Bioprocess 10 in Table A have been introduced according to the cor-rections of the ASM1 as proposed by Hauduc et al. (2011) . Also added are two NO terms, one inhibition term, which decreases the rate when the NO concentration gets high relative to the K I4NO inhibition concentration and one switching term, which decreases the specific growth rate when the NO concentration gets low relative to K I3NO . The kinetic rate equations of the 16 bioprocesses in the biological sub-model are shown in Table A .3. The internal consistence of the Gujer matrix was checked and found to conform to mass balance continuity.
The model includes the stripping processes for N 2 O and CO 2 gases to evaluate N 2 O and CO 2 emission, namely S GHG,N2O and S GHG,CO2 respectively. The stripping processes for both N 2 O and CO 2 is modelled including in the mass balance the term of Eq. (3) (Sabba et al., 2016) . Mampaey et al. (2015) . The biological model includes the influence of the influent salinity both for the autotrophic and heterotrophic biomass (Park and Marchland, 2006) . More precisely, the maximum growth rate of both autotrophic and heterotrophic biomass is modelled considering a reduction coefficient (i.e., I s coefficient), assessed as:
where I ⁄ s is the inhibition factor evaluated and %NaCl is the percentage of salinity expressed as NaCl content. Eq. (4) is valid in the range of 0-4% NaCl as indicated by Park and Marchland (2006) . Therefore, under 0% NaCl condition I s is equal to zero. Conversely, I s has a constant value at higher salinity levels (each constant value for each influent %NaCl). In this work two inhibition factors have been considered one for heterotrophic and another for autotrophic biomass (I S,H and I S,A , respectively).
The physical sub-model takes into account the main physical processes of an MBR which interact with the biological submodel (Mannina et al., 2011a) (Fig. 1) . The key algorithms of the physical sub-model are reported in Table A .4.
The physical sub-model involves 6 model factors. Specifically, the following six processes are taken into account: (i) solids deposition and detachment on/from membrane surface during the filtration and backwashing, respectively (cake layer formation); (ii) carbon removal due to cake layer which acts as a filter; (iii) carbon removal due to physical membrane; (iv) solute deposition within membrane pore (pore fouling); (v) pore blocking and (vi) influence of SMP on pore fouling. The same sectional method of Li and Wang (2006) was used to model membrane; according to this method membrane surface is divided into N areal fractions. In order to take into account the influence of the distance of the aeration system on the membrane fouling, a different value of shear intensity of the fluid turbulence (G) is considered on the basis of this distance. Both reversible and irreversible fouling mechanisms are considered. Reversible fouling is modelled as a continuous cake layer formation/removal during filtration/backwashing phases. Irreversible fouling modelling is performed by considering two mechanisms: pore fouling, due to the solute deposition within the membrane pores, and stable cake fouling due to the particle deposition on membrane surface that cannot be removed by means of the backwashing. The physical and biological sub-models interact by means of: TSS, which influence the cake layer; COD which is partially retained within the cake layer; SMP, which influence membrane fouling.
For a detailed description of the physical sub-model reader is referred to the literature .
The case study
The SB-MBR pilot plant taken into account has a predenitrification scheme (Fig. 2) .
The solid/liquid separation occurred by means of an hollow fiber ultrafiltration membrane module in Polyvinylidene fluoride (PVDF) (Zenon Zeeweed, ZW10) submerged into an aerated tank (MBR). The hollow fiber membrane has a width specific area equal to 0.98 m 2 and a nominal porosity of 0.04 lm. In order to ensure anoxic conditions, inside the anoxic reactor, an oxygen depletion reactor (ODR) was inserted within the recycle line between the anoxic reactor and MBR. Each reactor (aerobic, anoxic and MBR) was covered in order to ensure the gas accumulation and the subsequent sampling.
The real domestic wastewater was stored inside a feeding tank and discontinuously fed into the pilot plant by using the fill-drawbatch approach. The pilot plant filling occurred according to 8 cycles per day, each of 3 h duration. During each cycle 40 L of wastewater (V IN ) previously mixed with salt were fed and treated. Each cycle was divided into two phases: i. biological reaction (1 h); ii. filtration (2 h). During the biological reaction phase no permeate extraction occurred, therefore the permeate flow rate (Q OUT ) was equal to zero. Conversely, during the filtration phase Q OUT was set to 20 L h À1 and the permeate flux was equal to 21 L m 2 h À1 . During the filtration phase, the membrane was backwashed every 9 min for a period of 1 min; the backwashing has been performed by reintroducing a fraction of the permeate back into the internal lumen of the hollow fiber.
Mixed liquor was continuously recycled from the aerobic to MRR (Q R1 equal to 80 L h
À1
) and from the MBR to the anoxic reac- The pilot plant was monitored for three months. The 84 day experimental campaign was divided into six phases each characterized by a specific salt concentration from 0 up to 10 g NaCl L À1 .
The NaCl concentration in the influent was increased at steps of 2 g NaCl L À1 on a weekly basis. The last Phase VI had a duration of 26 days. No sludge was wasted from the system during the investigation making the sludge age indeterminate. During the experimental campaign liquid samples withdrawn (every 15 min and 60 min for the gas and liquid samples, respectively) from the aerobic and anoxic tank were analyzed in order to evaluate gaseous and dissolved N 2 O. With this regards a Gas Chromatograph (Thermo Scientific TM TRACE GC) equipped with an Electron Capture Detector was used. Both aerobic and anoxic tanks were covered and sealed in order to allow gas samples. Furthermore, the N 2 O-N fluxes (gN 2 O-N m À2 h À1 ) from aerobic and anoxic tanks were quantified by measuring the gas flow rates, Q GAS (L min
). During plant operations, the influent wastewater, the mixed liquor inside the anoxic and aerobic tank and the effluent permeate were sampled and analyzed for total and volatile suspended solids (TSS and VSS), total chemical oxygen demand (COD TOT ), supernatant COD (COD sol ), ammonium nitrogen (NH 4 -N), nitrite nitrogen (NO 2 -N), nitrate nitrogen (NO 3 -N), total dissolved nitrogen (TN), ortho-phosphate (PO 4 -P), total dissolved organic carbon (TOC) and inorganic carbon (IC). Further, transmembrane pressure (TMP) [bar] data were measured by means of an analogue data logger every 1 min. Moreover, instantaneous permeate flow rate (Q OUT,i ) was measured every day in order to evaluate the total membrane resistance R T [m À1 ] according to Eq. (5). Further details on the experimental campaign can be drawn from previous studies (Mannina et al., 2016b) . ].
Model calibration
The model calibration has been performed by adopting a calibration protocol developed during previous studies (Mannina et al., 2011b) . According to this protocol model factors are calibrated on the basis of a calibration hierarchy (Mannina et al., 2011b) . To set up the hierarchy, a global sensitivity analysis (GSA) is performed choosing the widest literature range of model factors.
The standardized regression coefficient (SRC) method has been adopted to select important model factors (Saltelli et al., 2004) . The SRC method allows to define a multivariate linear regression model (established for each model output on the basis of the randomly sampled value of the model factors).
The slope of the regression (SRC or bi) provides information on the influence of each model factor on the model output variation (sensitivity). The sign of b i indicates if the model factor ''i" has positive (+) or negative (À) influence on the considered model output.
In case of linear model (regression R 2 = 1) bi allows to discriminate between important and non-influential model factors. The SRC method can be applied also to non-linear models for identifying the important model factors (Vanrolleghem et al., 2015) . To apply the SRC method, at least 500 to 1000 simulations are required as suggested in the literature (Vanrolleghem et al., 2015) . Apart the GSA, the calibration protocol considers the generalized likelihood uncertainty estimation (GLUE) methodology based on Monte Carlo simulations (Mannina et al., 2011b; Beven and Binley, 1992) . For each Monte Carlo simulation model outputs are compared with the observed and a likelihood measure/efficiency is quantified. On the basis of the value of the likelihood measure/efficiency the results are considered acceptable or not acceptable. In this study the same likelihood measure as adopted by Mannina et al. (2011b) was used.
Uncertainty analysis
Regarding the uncertainty analysis, non important factors have been fixed to their default or trial and error calibration value. Only important model factors have been considered during the uncertainty analysis. Specifically, important model factors were varied within an uncertainty range according to a random sampling. The results of the Monte Carlo simulations were analyzed on the basis of cumulative distribution function (CDF) for each model output. The 5th and 95th percentiles were also evaluated.
Model application and numerical settings
Input time series established on the basis of the influent wastewater measured data was adopted as model input data. Simulation period has the duration of 84 days. Four different sections of the SB-MBR plant were considered, in particular, the anoxic tank (Section 1), aerobic tank (Section 2), MBR tank (Section 3) and permeate tank (Section 4). The average values of the simulated time series for each model output were considered for the SRC application. Nineteen model outputs of the biological sub-model were considered for the GSA: COD TOT for all the four sections; COD sol for Sections 1,2, and 3; S NO3 for Sections 1,3 and 4; ammonia (S NH4 ) for Sections 3 and 4; total nitrogen (TN) for the Section 4; total suspended solids (X TSS ) for Sections 1 and 2; S N2O for Sections 1 and 2 and S GHG,N2O for Sections 1 and 2 . Further, one model output of the physical sub-model was also considered: membrane total resistance (R T ). To apply the SRC method, 1200 model simulations were performed. According to the literature suggestion, a threshold value of 0.1 was chosen for the absolute value of b i to discriminate between important and non important model factors (Varolleghem et al., 2015; Cosenza et al., 2013) . Model calibration has been performed by running for each calibration step, 8000 Monte Carlo simulations. This number was established by increasing the sample dimension from 100 to 8000 and verifying that the maximum efficiency was constant. The same number of Monte Carlo simulations was adopted for each calibration step.
Uncertainty bands have been performed by employing 1000 Monte Carlo runs by varying only the most important model factors for all the model outputs taken into account. This number of Model Carlo runs was selected after verifying (sample dimensions between 100 and 1000) that the uncertainty analysis was not affected by any bias caused by the number of Monte Carlo simulations (Bertrand-Krajewski et al., 2002; Dotto et al., 2012) . The uncertainty bands were calculated by adopting the likelihood distributions for each simulation time step and for each model output were then used for calculating uncertainty bands (5% percentile and 95% percentile of the 1000 runs for each model outputs). Table 1 summarizes the parameters selected as important at least for one model output. The application of the SRC method yielded for each model output taken into account an R 2 value around to 0.5 (Table 1) . By applying the SRC method 33 model factors have been selected to be important for at least one of the model output taken into account. For sake of conciseness only the key model outputs for each plant section are discussed below. Fig. 3 shows the results related to the important model factors at least for one of the model outputs considered: S N2O,1 (a), S GHG, N2O,1 (b), S N2O,2 (c) and S GHG,N2O,2 (d). For the meaning of the symbols reported in Fig. 3 the reader is referred to Table A.1. Among the important model factors, some deserve to be discussed. The group of half saturation coefficients (k N2O , k NO3 , k ALK ) (related with the S N2O , S NO3 and S ALK ) have a great influence on all the model outputs considered. Such a result corroborates the literature findings, which suggest to focus the attention on the half-saturation coefficients of the biological processes involving nitrogen due to their high uncertain degree (Sweetapple et al., 2013) . Therefore, it is advisable to experimentally quantify these factors. The model factors l AUT,AOB and l AUT,NOB mostly affect (positively) the S N2O,1 and S GHG,N2O,2 . Such a result shows an indirect effect for S N2O,1 . Indeed, with the increasing of the autotrophic maximum specific growth rate the availability of nitrate inside the aerobic tank increases with a consequent increase of S N2O,1 produced during the denitrification for example due to the scares availability of substrate. The importance of the factors g g3 and g g4 for S GHG,N2O,1 is of relevant interest. Indeed, these latter factors control the rate of the heterotrophic anoxic processes on the substrate (S S ) when S NO2 (nitrite) is reduced to S NO (g g3 ) and when S NO (g g4 ) is reduced into S N2O . Thus, consequently g g3 and g g4 influence the amount of gaseous N 2 O emitted from the anoxic tank (S GHG,N2O,1 ). Both k 2,2 and k 2,3 (coefficients for oxygen transfer of the aerobic tank and MBR tank, respectively) have positive effect on S N2O,1 . This result is due to the increase of mainly debited to the increase of the amount of nitrate and dissolved oxygen recycled into the anoxic tank with the increasing of the oxygen concentration inside the aerobic and MBR tanks. Therefore, the N 2 O can be also produced due to the AOB contribution inside the anoxic tank (in case the environment become aerobic).
Results and discussion
Sensitivity analysis
Thus, the role of k 2,2 and k 2,3 on S N2O,1 is mainly indirect. Indeed, with the increase of k 2,3 the amount of the available oxygen inside the aerobic tank increases with a consequent complete nitrification. Therefore, the amount of nitrate to be denitrified in the anoxic tank increases; nitrate could not be completely denitrified due to the poor availability of carbon. On the other hand, with the increase of k 2,3 the amount of mass oxygen recycled from the MBR to the anoxic tank (through the ODR) increases. The importance of the factors affecting the oxygen transfer rate in the aerated tank suggests that in order to better predict N 2 O emissions of a WWTP a detailed knowledge on the oxygen transfer has to be acquired.
As can be additionally noted from Fig. 3 , the autotrophic salinity inhibition coefficient (I s,H ) positively influences the N 2 O production inside the aerobic tank. Indeed, several studies have demonstrated that the salinity could promote the N 2 O production during the nitrification (Zhao et al., 2014) . It is interesting to note that factors related to the physical model (a and k, representing the stickiness of the biomass particles and the screening parameter, respectively) affect both S N2O,1 (Fig. 3) . Such a result is mainly debited to the role of the membrane in retaining the substrate that will be or not available for the nitrate denitrification.
Model factors mostly affecting the model output COD TOT,1 and COD SOL2 is l H (Table 1 ). Indeed, the b i value of l H for both COD TOT, 1 and COD SOL,2 is equal to 1; having a positive influence. Indeed, with the increasing of the maximum growth rate of heterotrophic bacteria the increase of the particle fraction of COD takes place. Further, COD TOT,1 is also affected by g g3 and g g4 which respectively control the rate of the heterotrophic anoxic growth when S NO2 (nitrite) is reduced to S NO (g g3 ) and S NO (g g4 ) is reduced into S N2O . The model output S NO3,1 is mostly influenced by the half saturation coefficients for free ammonia (K FA ) for nitrous oxide-nitrogen (K N2O ). Such a results is due to the fact that these coefficients control the amount of nitrate that can be produced inside the aerobic tank and consequently recycled inside the anoxic one. Similarly, l AUT,NOB and i N,Ss influence the amount of nitrate that can be produced inside the aerobic tank and consequently S NO3,1 (Table 1) . Indeed, l AUT,NOB is the most important model factor for S NO3,2 (Table 1 ). In terms of resistance, the set of the following model factors has been selected as important: f UAP (fraction of S UAP generated in biomass decay), K H,UAP (hydrolysis rate coefficient for S UAP ), k (screening parameter) and C E (efficiency of backwashing) ( Table 1) . Among these factors f UAP and K H,UAP are related to the biological sub-model; f UAP and K H,UAP positively influence R T due to the fact that with their increase, the increase of the S UAP production takes place. Thus influencing the membrane fouling. Such a result has paramount interest because suggests by reducing the SMP production a substantial reduction of the membrane resistance (which means a reduction of operational costs) can occur. Model factors k and C E are directly connected with the physical sub-model. The negative influence of C E is due to the fact that with the increase of the backwashing efficiency the amount of the cake layer deposited on the membrane surface decreases thus reducing the TMP value at fixed permeate flux.
Model calibration results
Model calibration has been performed by varying all the important model factors selected during the sensitivity analysis. All the other model factors have been fixed at their default value or at the value obtained during the initial trial and error calibration according to the calibration protocol (Mannina et al., 2011b) . The model calibration has been performed by comparing simulated with measured data acquired during the sampling campaign. Simulations characterized by a model efficiency greater than 0.2 were selected as behavioral (Mannina et al., 2011b; Vanrolleghem et al., 2015) . The selection of the calibrated factor values have been performed on the basis of the maximum model efficiency value.
In Table A Some calibrated factors merit to be further discussed. More precisely, regarding the salinity inhibition factors one can observe that the inhibition factors related to the heterotrophic biomass (I S,H ) is lower than that related to the autotrophic biomass (I S,A ). Indeed, salinity has a inhibition effect on autotrophic biomass growth than on the heterotrophic biomass (Luo et al., 2015; Mannina et al., 2016b) . More precisely, the salinity increase causes the cell plasmolysis and/or the loss of metabolic activity for autotrophic biomass (Johir et al., 2013) . Therefore, the values of the maximum specific growth rate of X AOB and X NOB were lower when adjusted for salt concentration I S,A . For example, the final value related to the X AOB was equal to 0.68 d . CDF related to the measured data, calibrated model, 5% and 95% percentiles for COD TOT,1 (a), S NO3,1 (b), S NO3,3 (c), R T (d), S GHG,N2O,1 (e), S N2O,1 (f), S GHG,N2O,2 (g) and S N2O,2 (h). Mannina and Cosenza (2015) 0.0102 L to salt inhibition. This result is of particular interest to N 2 O modelling, because salinity has been identified as one of the most influencing factors for the N 2 O emission during nitrification (Kampschreur et al., 2009) . In terms of heterotrophic biomass the value of l H obtained (0.9 d
À1
) is lower than literature rates (Jiang et al., 2008; Mannina and Cosenza, 2015) . Such low value is likely due to the high sludge retention time (SRT); indeed, the pilot plant was operated at indefinite SRT value. Such an operational condition could lead to the accumulation of inert biomass and to the slowly biomass growth (Judd and Judd, 2010) .
Regarding the physical model factors they have some differences with respect to the literature. For example the value of the backwashing efficiency coefficient (C E ) resulted lower than previous literature; the value obtained here is equal to 0.986 while in Mannina and Cosenza (2015) 0.12 L Fraction of influent X I F XI -0.05Ä0.15 Mannina and Cosenza (2015) 0.12 C Fraction of influent X H F XH -0.06Ä0.18 Mannina and Cosenza (2015) 0.1 L Fraction of influent X S F XS -0.244 Ä 0.676 Mannina and Cosenza (2015) 0.36 C 
previous studies the value of 0.996 Cosenza, 2013, 2015) was obtained. This lower value for C E suggests a potential increase of the membrane resistance caused by the cake layer, likely due to the mixed liquor features. Furthermore, the screening parameter (k) has here a value of 1487 m À1 against the value of 1520.29 m À1 of previous studies Cosenza, 2013, 2015) . Such result suggested that the different features of biomass due to the presence of salinity also influence the membrane fouling. Indeed, the factors related to the SMP still have different value if compared with literature. In particular, the fraction of S UAP due to the biomass decay (f UAP ) obtained here was higher compared with that observed in literature (Jiang et al., 2008 ) likely due to the stress effect on the heterotrophic biomass grow due to the salinity and to the high SRT. Furthermore, the worsening of membrane fouling can be also due to the increase of the mixed liquor viscosity and to the reduction of the oxygen solubility with the increasing of the salinity (Lay et al., 2010) . For sake of completeness in Fig. 4 the calibrated and measured pattern for COD TOT,1 (a), S NO3,1 (b), COD sol,2 (c), R T (d), S N2O,2 (e) and S GHG,N2O,2 (f) are reported. Despite the salinity increase, a good prediction of COD model outputs occurred (Fig. 4a and c) . Such result has peculiar interest because since these model outputs (COD TOT,1 of Fig. 4a and COD sol,2 of 4c) are the sum of different model outputs. Further, from the results of Fig. 4d one can observe that the model allows to describe the increase of R T occurred with the increase of salinity. Fig. 5a and b) . Specifically, the increase of N 2 O emission from aerobic tank with the salinity is reproduced by the model. Details on the model efficiency will be provided below. Table 2 summarizes the results related to the model efficiencies. By analysing data of Table 2 one can observe that acceptable efficiencies were obtained for the model outputs of Sections 1,2 and 4 (namely, anoxic, aerobic and MBR, respectively). More precisely, the average efficiency of the model outputs of the anoxic tank (Section 1) was equal to 0.42. For the model output of the aerobic tank (Section 2) the average efficiency was equal to 0.41. While, 0.33 for the model outputs of the MBR (Section 4). Conversely, the lowest efficiency value was obtained for the model outputs of the Section 3 (0.28 on average). Such a result is mainly debited to the lower number of measured data for the Section 3 with respect to the other sections. Regarding the total resistance (R T ), the model provided a quite high efficiency value (0.79) ( Table 2 ). This result suggests a good model ability to reproduce membrane fouling mechanisms. Fig. 6 shows the uncertainty analysis results for COD TOT,1 (a), S NO3,1 (b), S NO3,3 (c), R T (d), S GHG,N2O,1 (e), S N2O,1 (f), S GHG,N2O,2 (g) and S N2O,2 (h).
Uncertainty analysis
By analysing the data reported in Fig. 6 one can observe that the uncertainty band widths (quantified as average difference between 95% and 5% uncertainty band value) changes with the model outputs through the different plant sections (e.g., greater for COD TOT,1 ) (Fig. 6a ). This is due to the different role that the key processes occurring inside each plant section have on the model outputs variation and on the interlinkage among model outputs. Indeed, for example the variation of the total COD involves the combination of the variation of different state variables of the model: X S , X i , X H , X AOB , X NOB . Similarly, the variation of supernatant COD involves the variation of S BAP , S UAP , S I , S S . A larger band width was obtained for COD TOT, 1 . This result is likely due to the large number of model factors, important for COD, varied during the uncertainty analysis. Regarding R T , a very narrow band width was obtained (Fig. 6d) ; this result demonstrates the high accuracy of the model in reproducing the membrane fouling. Globally, 90% of measured data for the model output shown in Fig. 6 lies inside the uncertainty band.
The uncertainty band width (as average difference between 95% and 5% percentile) of the model outputs related to GHG changes with the model outputs in the different plant sections (e.g., greater for S GHG,N2O,1 and S N2O,2 ) ( Fig. 6e-h) . Indeed, variation of some factors could make more uncertain the N 2 O production in a certain section due to the overlapping effects among different processes. For example, the increase of k 2,2 and k 2,3 could favour aerobic conditions inside the anoxic tank due to the recycled oxygen mass. Therefore, N 2 O formation due to the heterotrophic and autotrophic pathways could occur inside the anoxic tank.
By analysing data of Fig. 6e -h it is possible to observe that for the GHG model outputs for which a greater number of measured data was available (S GHG,N2O,1 and S GHG,N2O,2 ) a more accurate prediction was obtained. Indeed, for S GHG,N2O,1 and S GHG,N2O,2 only the 7% and the 12% of the measured data lie outside the band width. This result is important, suggesting that long extensive databases are required to set up accurate models and reduce model uncertainty. Indeed, 60% and 46% of the measured data lie outside the band width for S N2O,1 and S N2O,2 , respectively.
More precisely, the measured data lower than 0.01 mgN L À1 and 0.025 mgN L À1 lie outside the band for S N2O,1 and S N2O,2 , respectively.
Conclusions
A new integrated MBR mathematical model was presented. The main contribution of the model is to consider (1) GHG emissions, (2) the influence of salinity on the process rate, (3) the SMP formation/degradation processes. The model has been calibrated by employing an innovative protocol and using an extensive data set. Results derived by the model application have improved the knowledge on N 2 O emissions from MBRs; for example, model factors that require to be measured for improving N 2 O predictions have been selected (half saturation coefficients related to the nitrogen processes or factors related to the oxygen transfer). Further future investigations could demonstrate the predictive capability of the integrated model presented here for simulating systems/-conditions different to those in the calibrating data set. where l s = sludge viscosity; d p = particle diameter; J = permeate flux; C d = lifting force coefficient; C ss = suspended solid concentration of biomass sludge; c = compression coefficient for dynamic sludge layer; V f = volume of permeate produced; b = erosion rate coefficient of dynamic sludge film; a = stickiness of biomass; g c = efficiency of backwashing; C sm = concentration of COD at the physical membrane surface ; C s = concentration of COD in the mixed liquor at the physical membrane surface; R tS,i = total resistance of fouling in the section i,; R m = intrinsic resistance of the membrane; R p,i = the pore fouling resistance caused by solute deposition inside the membrane pores in the section i; R C,i = resistance of cake layer in the section i; R dc,i = resistance of dynamic sludge film in the section i; R sc,i = resistance of stable sludge cake in the section i; R t = total fouling resistances.
